1. Collective behaviour can allow populations to have emergent responses to uncertain environments, driven by simple interactions among nearby individuals. High-throughput ethological studies, where individual behaviour is closely observed in each member of a population (typically in the laboratory or by simulation), have revealed that collective behaviour in populations requires only rudimentary cognitive abilities in individuals and could therefore represent a widespread adaptation to life in an uncertain world. However, the ecological significance of collective behaviour is not yet well understood, as most studies to date have been confined to specialized situations that allow intensive monitoring of individual behaviour. 2. Here, we describe a way to screen for collective behaviour in ecological data that is sampled at a coarser resolution than the underlying behavioural processes. We develop and test the method in the context of a well-studied model for collective movement in a noisy environmental gradient. The large-scale distribution patterns associated with collective behaviour are difficult to distinguish from the aggregated responses of independent individuals in this setting because independent individuals also align to track the gradient. However, we show that collective idiosyncratic deviations from the mean gradient direction have high predictive value for detecting collective behaviour. We describe a method of testing for these deviations using the average normalized velocity of the population. 3. We demonstrate the method using data from satellite tracking collars on the migration patterns of caribou (Rangifer tarandus), recovering evidence that collective behaviour is a key driver of caribou migration patterns. We find moreover that the relative importance of collective behaviour fluctuates seasonally, concurrent with the timing of migration and reproduction. 4. Collective behaviour is a potentially widespread dynamic property of populations that can, in some cases, be detected in coarsely sampled ecological data.
Introduction
Many populations exhibit collective behaviour, where localized interactions among neighbouring individuals lead to broad-scale patterns in the behaviour of groups, as in the coordinated movement of a flock of birds or a school of fish (Vicsek 2001; Vicsek & Zafeiris 2012) . Populations influenced by collective behaviour violate the assumption of mass action that underlies standard models of population dynamics, in which individuals are viewed as statistically independent (Ovaskainen & Cornell 2006; Pascual, Roy & Laneri 2011) . Through emergent correlations in behaviour, collectives can track variable resources more effectively than independent individuals (Gr€ unbaum 1998; Simons 2004; Codling, Pitchford & Simpson 2007; Torney, Neufeld & Couzin 2009; Berdahl et al. 2013) , leading to increased fitness through population-level cognitive responses to variable environments (Clark & Mangel 1986; Handegard et al. 2012; Ioannou, Guttal & Couzin 2012; Olson et al. 2013) .
Research on collective decision-making has advanced by identifying the underlying behavioural processes that govern interactions among neighbouring individuals in a population (Nagy et al. 2010; Gautrais et al. 2012; Berdahl et al. 2013; Nagy et al. 2013) . Analytical techniques have recently been developed that use fine-scale ethological observations to infer how strongly, and in what ways, individuals are influenced by social interactions (Eriksson et al. 2010; Bode et al. 2012; Gautrais et al. 2012) . The behavioural rules revealed by these analyses are often simple, requiring only rudimentary cognitive abilities.
Simulations show how simple rules can lead to the emergence of collective behaviour. Individuals that aggregate can pool their estimates of a noisy environmental gradient, allowing improved navigation for the group (Simons 2004) . Aligning velocities with neighbours can improve navigation by simulated groups (Gr€ unbaum 1998; Codling, Pitchford & Simpson 2007; Torney, Neufeld & Couzin 2009 ). A collective response can occur even if only some individuals have information about the environment, and the informed individuals are not distinguishable by the others (Couzin, et al. 2005 (Couzin, et al. , 2011 .
The theoretical and empirical research to date therefore suggests that collective behaviour could be a widespread adaptation to life in an uncertain world, with an important influence on ecological and evolutionary dynamics Saigusa et al. 2008; Torney, Neufeld & Couzin 2009; Handegard et al. 2012; Ioannou, Guttal & Couzin 2012; Aplin et al. 2014; Farine et al. 2014) .
However, the role of collective behaviour in the ecological and evolutionary dynamics of populations remains largely unexplored, because few populations are intensively sampled at the scale of individual behavioural decisions. Existing methods developed for high-throughput ethological data (Eriksson et al. 2010; Nagy et al. 2010; Bode et al. 2012; Gautrais et al. 2012; Berdahl et al. 2013; Nagy et al. 2013 ) may in some cases work on coarser scale data, but this remains largely untested. In general, scaling up from fine-scale patterns to course scale process is an enduring problem in ecology (Levin 1992) .
In this paper, we suggest an approach to screen for collective behaviour in ecological datadata on the distribution patterns of organisms collected at a coarser scale than the underlying behavioural processes (Levin 1992 )to help identify systems where more detailed studies of the role of collective behaviour may be fruitful. Because the information we have on most populations is not resolved to the level of individual behavioural interactions, this paper focus on detecting population-level features of collective behaviour that are robust to changes in the details of the underlying individual interactions. This addresses the inverse problem of distinguishing collective behaviour from the aggregated responses of independent individuals, when the causal behaviours are not observed (Perony et al. 2012; Sumpter, Mann & Perna 2012) . In general, canonical models of population dynamics assume that each individual's response to the environment is independent. To understand changes in real populations over time, it may sometimes be useful to test whether this assumption holds. Potts, Mokross & Lewis (2014) have addressed the broader goal of integrating collective behaviour into models of the spatial dynamics of animal populations, for instance using coupled step selection functions. In a complimentary paper, Mann (2011) describes a Bayesian approach for determining the interaction rules that generate collective behaviour from very fine-scale data on animal movements, finding that the rules can often been uncovered with relatively small ethological data sets. A related modelling approach, based on hidden Markov models, has shown how the combined effects of environmental variation and social cues may be disentangled when positional data and environmental covariates are available for a single animal group (Langrock et al. 2014) . A recently described approach for detecting the influence of conspecifics on popula-tion distribution patterns tests the extent to which the proximity between individuals can be attributed to independent random displacements (Delgado et al. 2014) .
Like Delgado et al. (2014) , the approach we describe uses a comparison with what independent individuals would do as a basis for detecting collective behaviour. Instead of attempting to parameterize a model of collective behaviour, we focus on measuring emergent features of population redistribution patterns that are fundamental to collective behaviour, would be unlikely to occur in an ensemble of independent individuals, and are robust to unobserved individuals, as well as to data observed at much coarser scale than the underlying movement decisions. Our approach focuses on animal relocation data, but it generalizes straightforwardly to other movement data and to other kinds of changes in individual state.
To demonstrate the approach, we first use a well-studied model of collective animal movement (Couzin et al. 2005) implemented in an environment that has a gradient representing the population's preferred direction of travel. The environment is noisy, so that at each place and time an individual's experience of the gradient varies. The appearance of broadscale order among gradient followers is not diagnostic of collective behaviour. However, populations influenced by collective behaviour show collective idiosyncratic deviations from the true gradient direction that are visible in sparsely sampled data, and are statistically unlikely for independent individuals, regardless of the behavioural rules that independently govern each of their trajectories. That is, individuals all heading in the right direction might be independently reading the environment accurately. But individuals all heading in roughly the same wrong direction are probably not acting independently. We show that these 'collective mistakes' represent a characteristic feature of collective behaviour that can be detected in sparsely sampled ecological data.
Finally, we demonstrate the method on a novel set of wildlife dataobservations of the migration patterns of caribou (Rangifer tarandus) collected by satellite tracking collars. The data encompass 9721 observations of 143 individuals from 2008 to 2011. Applying the method we describe to the caribou data reveals a major role of collective behaviour in one of the world's longest terrestrial migrations.
Methods

A N A L Y T I C A L A P P R O A C H
The approach we propose considers a group of N individuals whose locations change continuously in space and time. However, the data are limited to observations of individual locations at M discrete time points t 1 ; t 2 ; . . .; t M . Sampling periods s j ¼ t j À t jÀ1 measure the temporal separation between 'bouts' of observation, wherein each individual's location is recorded. Let x i ðt j Þ represent the cartesian coordinates of the ith individual observed at time t j . As a spatial location, x is a vector with length equal to the number of dimensions of the 'landscape' in which individuals move. For example, in applications involving terrestrial animals, the landscape will typically be two-dimensional, so the vector x will have two elements (storing longitude and latitude, for instance). Aquatic or avian applications may include altitude or depth as a third coordinate. The velocity v i of an individual i associated with a pair of adjacent sampling times is also a vector with the same dimension as the position vectors, which gives the magnitude jv i j (the observed 'speed' of individual i) and direction v i =jv i j of the change in position over time. It is estimated from location data as
and thus can vary with different sampling periods, as well as over time and among individuals. Throughout the paper, equations will include addition and multiplication of vectors (e.g. location, velocity) and scalars (e.g. time), without explicit remark, because the type of operations (i.e. vector or scalar) will be evident from which types of variables are involved. For readers not accustomed to vector operations, a heuristic approach to the equations is to imagine a one-dimensional landscape where individuals can travel only left or right (for instance, towards or away from a goal). Then, location and velocity vectors will only have one element, and all operations reduce to scalar arithmetic.
A well-studied measure of collective movement is the following order parameter, which is calculated using individual observed velocities
and represents the average normalized velocity of the population at time t j . In the limit, as N becomes large, wðt j ; s j Þ ranges from 0, when individual velocities have uniform random directions, to 1, when individual velocities all have the same direction (Vicsek & Zafeiris 2012) . The intuition, which is similar to the mean resultant length from circular statistics, is that independent velocities will tend to be evenly distributed among all possible directions, and will thus cancel each other out when they are summed. Thus in the case of independent random velocities, the summed vector will have a magnitude that approaches 0. By contrast, if velocities are non-independent (because animals are interacting), then they may tend to all point in a common direction. Their sum will also point in that direction with significant magnitude, resulting in a higher value for w. We note that animals may also interact by adjusting their speed as well as the direction of their velocity (Berdahl et al. 2013) , so although intuitive and well studied, this statistic does not necessarily capture all aspects collective behaviour. The sampling period s is typically <1 second in ethological studies of collective behaviour (Couzin et al. 2005; Nagy et al. 2010; Berdahl et al. 2013) . However in ecological data, s will typically be much larger, as the spatial distribution of organisms is usually sampled at discrete and relatively distant times in ecological studies, rather than in nearly continuous time. Correspondingly, we now consider the behaviour of the order parameter for finite populations whose positions are sampled at discrete time points that can be arbitrarily distant.
We begin with the null case where individuals' velocities are independent of one another. Suppose individuals move in a two-dimensional environment that has a gradient with direction vector / = (0,1) which represents the preferred direction of travel for each individual in the population. Because individuals move independently from one another, the spatial distribution of the population will follow an advection-diffusion process (Skellam 1951; Patlak 1953; Okubo & Levin 2001; Machta et al. 2013) . If independent individuals' movement directions are temporally autocorrelated, such as would be the case for correlated random walks, the population will converge to advection-diffusion dynamics at time-scales longer than the range of the temporal autocorrelation (Patlak 1953) .
Advection-diffusion processes are governed by the relative values of two parameters. The advection parameter ɛ represents the perceived strength of the environmental gradient. The parameter d controls the rate of diffusion, representing random movement not associated with following the preferred direction. As ɛ increases while d is held constant, individual velocities become increasingly aligned in the preferred direction of travel, all else equal. Fixing ɛ, higher values of d can represent a 'noisier' environment, where each individual's estimate of the preferred direction of travel at a given time is increasingly uncertain. If a population of independent individuals is released at the point (0,0) and observed s seconds later, their spatial distribution will approximate a bivariate Gaussian distribution, where the mean spatial location of an individual (in cartesian coordinates) is given by ɛ/s = (0,ɛs) and variance and covariance in positions among individuals are given by the variance-covariance matrix sdI, where I is the identity matrix. Note that variance in location grows linearly with time in advection-diffusion, which is why the variance-covariance matrix has a factor of s. This process can be simulated by sampling from the appropriately parameterized Gaussian distribution.
We calculated the order parameter wðt j ; s j Þ on simulated advectiondiffusion data for a range of population sizes, strengths of environmental bias, and sampling periods ( Fig. 1 ). This demonstrates the intuitive result that ecological data on individual movements can display highly ordered velocities even when individuals are moving independently. This order can be generated by chance in smaller populations, where there is a higher probability that velocities will be aligned by pure chance (Fig. 1a ), by a strong environmental gradient that dominates the effect of noise, and by longer sampling intervals which reduce the effect of noise by averaging it over a long time period ( Fig. 1b ). Detecting collective behavior in ecological data therefore requires a different statistic, that attains distinctly different values for independent individuals and collectives.
Define v 0 as the expected value for v i if individuals were acting independently. As a model for what independent individuals would do, v 0 could be complex and we return to the issue of determining v 0 below, addressing in particular the case when the preferred direction, /, varies over space and time. To introduce our approach, we focus on the simple case where / is constant over the period of observation. In that case, if individuals are independent, the velocity of each individual at each time is a random draw from the same probability distribution. We can then estimate v 0 by the mean of all observed velocities and so we set
which includes all time points. In other words, if / is constant, then the overall mean velocity over time is a good model for the expected velocity of any one independent individual, at any time. This works because independent individuals do not interact with one another and so, in with a spatiotemporally invariant environmental gradient, their velocities are exchangeable across time points.
Now consider an adjusted velocity
and the corresponding adjusted order parameter wðt j ; s j Þ ¼ 1 N
which is identical to eqn 2 except that it is calculated with adjusted velocities v i instead of raw velocities v i . As with velocities v i and the order parameter w, the adjusted order parameter w is a function of time t and sampling period s. However we will sometimes write these func-tions with their arguments suppressed for visual clarity. When we do so, comparisons of the value of a function under different circumstances (e.g. 'the value of w is higher than . . .') imply that the comparison is being done at an arbitrary time point and sampling period, unless otherwise indicated (Fig. 1c) .
The value of the w tends to be lower than w for independent individuals, meaning that adjusted velocities, v i , are less ordered than raw velocities v i for independent individuals. This is because the subtraction of v 0 in eqn 4 removes some of the order that is due to individuals heading in the same direction independentlyeither by random chance or because of exposure to a common environmental gradient. As a result, w is less influenced by population size (Fig. 1c ) and is unaffected by the strength of the environmental gradient or the length of the sampling interval s ( Fig. 1d ).
Whereas w tends to be low for ecological data on independent individuals, we hypothesize that increasing levels of collective behaviour lead to increases in the value of w. Increased values of w for populations influenced by collective behaviour are not due to increases in their ability to travel in the true gradient direction (the effect of travelling further up the gradient is removed by the subtraction of v 0 in eqn 4), or because collective behaviour increases alignment in the gradient direction (because an improved overall alignment is also captured by v 0 ). Rather, the proposed mechanism is that at any moment, a population influenced by collective behaviour will have its own idiosyncratic deviation from the true gradient direction, due to the propagation to larger scales of interactions between nearby individuals.
These 'collective mistakes' cause adjusted velocities in collectivescalculated using eqn 4)to be more polarized for groups of individuals sampled at similar times, compared to individuals sampled at different times. This leads naturally to a test for collective behaviour, based on comparing w to the value of a null statistic w 0 , obtained by calculating w on a randomized data set where the adjusted velocities for each individual have been randomly shuffled in time. This breaks correlations among individuals observed at the same (randomized) time. If such correlations do not exist because individuals are moving independently, the time randomization will not affect statistical properties of the data. Ecological data on the distribution patterns of a single population over time can be tested for collective behaviour by testing the hypothesis that w [ w 0 (see Fig. 3a ).
To demonstrate our method for detecting group decision-making in ecological data, we simulated data from well-studied model for collective behaviour (Couzin et al. 2005) . The model is implemented in an unbounded environment and observed over a long period relative to the time step of the simulation (the model steps forward 0Á2 s at a time, and we observe it for four simulation hours). As above, the environment has a gradient with a constant mean direction, and uniform noise that is independent and identically distributed over space and time. The environmental gradient represents the preferred direction of travel for individuals when acting independently of social cues. At each time step, individual velocities in the model are given by
where the vector v i ðtÞ is the velocity of the ith individual at time t, and the time step of the model is h. hvðtÞi i represents the velocity chosen by i in response to the positions and velocities of its neighbours, as detailed below. Individuals are constrained by a maximum turning angle, such that the interior angle between v i ðt þ hÞ and v i ðtÞ can be at most h max . The random variable g i represents the preferred direction of travel as it is perceived by individual i at time t. As above, we assume a two-dimensional world in which the true preferred direction is the vector /. Each time step, an individual has access to a noisy estimate of the gradient that has unit magnitude and deviates from the true direction by an angle h g , which is uniformly distributed on the interval ðÀr g ; r g Þ. An individual weighs g i in their final desired velocity according to the gradient response parameter a. When a becomes large, individuals move independently from one another. (a) and (b) using the adjusted order parameter. Variation in sampling time has no effect on the value of the adjusted order parameter for independent individuals, so the polygons for each of the two sampling periods are on top of one another.
The vector z i represents random error in velocity. z i is a randomly chosen point on a circle centred at (0,0) with radius r z . The larger the value of r z , the less an individual's velocity is based on cognitive responses to the environment or to the locations and velocities of its neighbours. As r z becomes large, each individual performs a random walk.
hvðtÞi i is chosen based on the locations and velocities of i's neighbours as follows. Each time step, an individual's first priority is collision avoidance. If there are other individuals within the ball with radius r a , representing the focal individual's zone of avoidance, then hvðtÞi i points away from the mean direction to those individuals.
If there are no individuals within the focal individual's zone of avoidance, then hvðtÞi i is based on the positions and velocities of neighbours within the zone of social interaction, a ball with radius r s [ r a . hvðtÞi i is then the average of the vector towards the centroid of i's neighbours, and the vector representing the mean velocity of those neighbours. hvðtÞi i is always normalized to have unit magnitude.
An individual's position changes over time according to
where f is the speed of each individual. Note that spatial variation is implicit in the model because at each time t, individual i is at a specific location x i ðtÞ. The preferred direction in the environment, and individuals' perceptions of their neighbours' locations and velocities thus vary spatially as well as temporally. To summarize the model, simulated populations attempt to follow a noisy environmental gradient with constant mean direction using a mixture of individual-and group-level cognitive responses. The balance between the two types of cognition is determined by the gradient response parameter a, with increasing values of a representing increasing independence among individuals. In each simulation, we obtained ecological data at a coarse scale representing the net effect of many movement decisions by recording the spatial distribution of the population every 10 min for 4 h. The parameterizations we used are shown in Table 1 , and follow Couzin et al. (2005) . The sensitivity of the emergent dynamics of this model to variation in the parameter values has been previously explored in Couzin et al. (2002) . Although collective behaviour can give rise to different complex patterns under different parameterizations of the model and initial conditions, polarization order in velocities among nearby individuals is a ubiquitous symptom of collective movement. This polarization is the feature that is the focal point for our method.
In the model presented here, the control parameter a is applied to the term representing gradient response, g i . However, the model could also have also been formulated by applying the control parameter to the term representing collective behaviour, hvðtÞi i . We note that associating a with g i in our formulation has a side effect, which is that as the relative strength of collective alignment increases, the relative contribution of random error also increases, due to normalization of the velocities at each simulation step. However, in all cases the magnitude of the random error is small relative to the other terms in the equation. For example, even when collective behaviour is very strong (alpha approaching 0), so that the relative contribution of noise is also strong, the magnitude of the noise vector is at most 2% of the overall magnitude of the velocity. Moreover, increasing noise with increasing collective behaviour causes the residual velocities of nearby individuals to be less polarized, reducing the value of our test statistic. Therefore, this side effect of the structure of our model renders the test more conservative.
In many applications, the preferred direction of travel / will vary over space and time. In these cases, it will be necessary to learn how / changes and incorporate that into estimates of v 0 ðt; sÞ. This could be done by straightforward estimates of the response of independent individuals to the state of the environment [for example, connecting gradients in light levels to the swimming speed of fish (Berdahl et al. 2013 ), or to the velocity of phytoplankton (Mitbavkar & Anil 2004) ]. As an example of applying our approach in this context, we conducted a series of two identical experiments using the collective behaviour model. Each experiment consisted of running the collective behaviour simulation with a gradient direction that changes deterministically over time. Data from the first experiment were used to estimate the gradient direction over time, while data from the second experiment were used to test for the strength of collective behaviour. From the first experiment, we estimate the gradient direction over time by fitting a cubic spline to the velocity data from all individuals. We then apply our approach for detecting collective behaviour to the velocity data from the second experiment using the spline-smoothed velocity from the first experiment as v 0 ðt; sÞ. As above, this approach uses small but significant collective deviations from the true gradient directions (which is estimated independently) to detect collective behaviour. In some applications (such as the caribou migration analysis), one set of observations is sufficient for both detecting the gradient and analysing collective deviations from it.
D E T E C T I N G C O L L E C T I V E B E H A V I O U R I N C A R I B O U M I G R A T I O N P A T T E R N S
We applied our method to data on the migration patterns of the Rivi ere-aux-Feuilles caribou herd in Northern Qu ebec, Canada (Le Henaff 1976) . The herd has varied in size from approximately 56 000 individuals in 1975 to at least 628 000 in 2001, to approximately 430 000 in 2011 (Le Henaff 1976; Couturier et al. 2010; Taillon, Festa-Bianchet & Côt e 2012) . These caribou usually overwinter in the boreal forest in the southern Ungava peninsula. Each spring they migrate up to approximately 1200 km to calving grounds located on the northern part of the peninsula, in tundra. Tundra is a highly seasonal environment, and the arrival on the calving ground is synchronized with the peak of productivity of the vegetation at the onset of the short growing season (Post & Forchhammer 2008) . Almost all females return to the same calving ground each year (Boulet et al. 2007) .
The data consist of 9721 observations of the locations of 143 caribou observed over three years (2008) (2009) (2010) (2011) . Caribou were captured using net guns fired from a helicopter and handled without chemical immobilization. The data were collected using Argos tracking collars (Service Argos Inc., Largo, MD, USA) that record the locations of animals every 5 days (120 h AE 1Á66 SD). The median observation period for a single animal in the data is 320 days, with approximately 30 unique individuals observed on average during any month. These data represent an unbiased subsample of the movement patterns of the herd that is small relative to the size of the herd, but large relative to most empirical studies of animal movement patterns to date. We assumed caribou respond independently to environmental and physiological migratory cues that vary spatially and seasonally, in addition to a potential influence of collective behaviour. We therefore estimated v 0 ðx; tÞthe expected velocity of independent caribou as a function of space and timeby smoothing the observed velocities of caribou observed in similar spatial locations at similar times of year, using a weighted average. Based on preliminary analysis, the weighted average for a given location and time of year was calculated using tricubic kernel (Hastie, Tibshirani & Friedman 2008 ) with a spatial bandwidth of 170 km and a temporal bandwidth of 30 days. The results of this analysis are qualitatively identical using other kernel functions and over a wide range of other spatial and temporal bandwidths.
After calculating v 0 , the application of our method for detecting collective behaviour consists of obtaining adjusted velocities by subtracting velocities predicted by v 0 ðx; tÞ, from observed velocities for the caribou. We then calculate w using eqn 5. In order to test whether the strength of collective behaviour varied seasonally and spatially, we calculated the value of w in a spatiotemporal neighbourhood surrounding each observed caribou location, by including other caribou velocities that were observed within 20 km and 24 h of that point. We chose these inclusion criteria to minimize the spatial and temporal widths of the 'bins' for w (thus focusing on caribou who were more likely to actually interact), while simultaneously maintaining enough observations at a particular location and time to apply the method. As above, the results of this analysis are qualitatively identical using over a wide range of other spatial and temporal bandwidths. In general, the appropriate smoothing function and bandwidths for our method will depend on the sampling properties of the data. As the final step in the analysis, we calculated the null statistic w 0 using a repeated randomization procedure by sampling with replacement from the entire data set the same number of velocities as were included in that calculation of w for each caribou.
Results
D E T E C T I N G C O L L E C T I V E B E H A V I O U R I N S I M U L A T E D D A T A
At the maximum value of the gradient response parameter we examined (a = 32), individual velocities are nearly independent. Correspondingly, populations at that level of a follow the spatiotemporal patterns predicted by advection-diffusion ( Fig. 2a,c,d) . In particular, in multiple replicate runs of the model, populations of independent individuals tend to the same broad-scale spatial distribution in all replicates, because the velocities of independent individuals are exchangeable over space and time. In contrast, lower values of the gradient response parameter lead to systematic differences in velocity over time and among replicates (Fig. 2b) . These systematic differences are driven by social interactions among neighbouring individuals that scale up to cause population-level idiosyncratic deviations from the preferred direction of travel -'collective mistakes' (Fig. 2b,c) . At the same time, scaling up local conspecific interactions is what advantages collectives over independent individuals in variable environments, enabling populations with collective behaviour to travel more quickly and precisely in the preferred direction of travel (Fig. 2d ). This effect persists until values of a become so low that individuals cease to respond much to the gradient. In this case, the population still 'drifts' in the direction of the gradient, while maintaining a highly heterogeneous spatial distribution (e.g. a = 0Á125 in Fig. 2c,d) .
Because populations of independent individuals also align to follow the gradient, alignment of movements in the gradient direction is not sufficient evidence for collective behaviour in ecological data. However, alignments that involve broad-scale group-level deviations from the mean gradient direction do have a higher predictive value for identifying collective behaviour, particularly when the underlying behaviours are not observed. Group idiosyncratic deviations from the mean preferred direction generate significantly more order in observed velocities at a particular time, compared with average velocity over time, leading to increased values for w in populations influenced by collective behaviour (Fig. 3) . The collective mistakes that produce this difference are the result of patterns in which a large portion of the population travels in a certain common direction at a particular time, but where that direction varies randomly over time. These dynamics are highly unlikely for populations of independent gradient followers, where independent trajectories, by definition, are as likely to show similarity within a given sampling period as among sampling periods.
The adjusted order parameter w is correlated with the gradient response parameter a (R 2 ¼ 0 Á 49, P < 0Á0001, for linear regression of w as a function of log a, with each observation time in each replicate as a single data point; R 2 ¼ 0 Á 5, P < 0Á0001 on average when the analysis is done on a single replicate). While the value of w fluctuates over time points and replicates, populations with the strongest collective behaviour (0Á125 ≤ a ≤ 0Á5) are clearly distinguishable from those with low levels of collective behaviour (8 ≤ a ≤ 32) based only on values of w( Fig. 3a,b ). In populations with intermediate levels of collective behaviour, where the influence of the environmental gradient on individual velocities is at least as strong as that of social interactions, but not overwhelming (1 ≤ a ≤ 4), w attains intermediate values (Fig. 3a) . In some of these intermediate cases, the value of w varies systematically over time, due to long transient patterns caused by the aggregation of the population in the initial conditions (Fig. 3c) . In particular, when the influence of collective behaviour is weak, such as when the environmental gradient is twice as strong as the influence of collective behaviour (a = 2), we found that long transient patterns caused by the aggregation of the population in the initial conditions sometimes inflated the value of w 0 relative to its value at other levels of a.
We measured the statistical power of this test as follows. First, for each replicate simulation at each level of a, we computed the average value of w over all times. Next, we calculated w 0 in each of M = 100 randomizations of the sampling times for each individual. These were also averaged over all times, yielding M comparison average values of w 0 for each value of the average w calculated in the first step. For each replicate simulation at a given level of a, we then compared the average value of w to the 95th percentile of the comparison average values of w 0 , recording for each level of a the frequency with which the average value of w exceeded the 95th percentile of the distribution of average w 0 s over replicates. For all levels of a except one (a = 32; i.e. the response to the environmental gradient is 32 times stronger than collective behaviour), this frequency was 1Á0, indicating our test is very sensitive. Even with almost no collective behaviour (a = 32), the frequency with which w exceeded the 95th percentile of the null distribution was 0Á8. Thus, individuals must be moving almost perfectly independently for our test to fail detect the consequences of collective behaviour.
Although individual movements may be not be perfectly independent, the presence of biologically significant levels of collective behaviour is a separate question. As is always the case when assessing the biological significance of a statistical test, appropriate criteria for biologically significant levels of collective behaviour will depend on the system in question. We suggest as a starting point that appropriate criteria may be if (i) w is high, and (ii) the interquartile ranges of w and w 0 do not overlap. These criteria are uniquely associated with strong collective behaviour in the simulated data (Fig. 3a) . Correspondingly, we use these criteria in the analysis of the caribou migration patterns, described below.
We tested the robustness of our method to unobserved individuals by repeating the analysis on randomly selected subsamples of the simulation data (Fig. 4) . Downsampling causes a modest decrease in the specificity of our test for collective behaviour (decreasing the probability that independent populations are correctly identified) but does not significantly affect the sensitivity of the test (the rate at which populations with collective behaviour are correctly identified). More specifically, sparsely sampled populations of nearly independent individuals (a = 32) show higher adjusted order as a result of sampling effects as sample size becomes small, increasing the chance of being falsely identified as strongly influenced by collective behaviour. However, the decrease in the specificity due to unobserved individuals is modest. For instance, in populations of nearly independent individuals, mean adjust order remains below 0Á5 even if only a few individuals are observed on average per time point. By contrast, in populations exhibiting collective behaviour, adjusted order remains higher than for populations of independent individuals, even if only a few individuals in the population are observed. Figure 5 shows the application of our approach to detecting collective decision-making in a temporally shifting environmental gradient, when two experimental runs are availableone to estimate the behavioural response to the environmental gradient and one to test for the strength of collective behaviour. The velocities of individuals closely track the gradient as it shifts direction over time (Fig. 5a ). As a result, the average velocity of the population over time can be used to reconstruct the gradient. Then, in a second experiment we can test for group-level deviations from expected velocity over time (Fig. 5b) , which can reliably distinguish between populations influenced by collective behaviour and populations of independent gradient followers.
We validated the statistical model for the velocities of independent caribou, v 0 ðx; tÞ, by releasing virtual non-interacting particles into the velocity field given by v 0 ðx; tÞ, numerically integrating their positions forward in time, and observing the population's redistribution patterns over the same range of time covered by the caribou data. Particle positions were updated daily in the simulations, which were run forward for three years from initial conditions, allowing ample opportunity for errors in predicted position to accumulate. The independent particles nonetheless precisely reproduce the broad-scale relocation patterns of the herd (Fig. 6 ). This means that v 0 ðx; tÞ for the caribou is a reasonable model for the advection-diffusion component of caribou migration, not a 'straw man': the model was fitted to velocity data, and in the simulations, there is ample opportunity for errors to accumulate as position is integrated forward in time.
We found strong evidence of collective behaviour in the adjusted velocities of nearby caribou, once the expected effects of environmental and/or physiological gradient had been subtracted ( Fig. 7) . During the spring and fall migrations, and shortly after calving, the distribution of the adjusted order parameter w in the caribou data was significantly higher than the null statistic w 0 , measured by examining the degree of overlap in the interquartile ranges. During these times of year, the degree of alignment of in adjusted velocities of nearby caribou is thus consistent with strong collective behaviour. Intriguingly, the dynamics of collective behaviour vary seasonally in the caribou in a systematic way. One way of looking at it is that at some times of year (for example, during migration, or following calving) if you 'zoom in' on nearby caribou, transitioning from the broader bandwidths associated with advectiondiffusion the narrower interaction neighbourhoods associated with collective behaviour, nearby caribou, are much more ordered than expected for independent particles. Yet at other times of year (for example, in February, when the herd tends to be more sedentary), the level of order in their velocities does not change much when zooming in on nearby individuals, suggesting more independence in the trajectories of nearby individuals.
Discussion
Collective decisions emerge by the propagation of local behavioural interactions to broader scales, influencing the spatial and temporal dynamics of populations. As such, the approach we propose for detecting collective behaviour in ecological datausing broad-scale collective deviations from the mean gradient direction that would be unlikely for independent individualsrests on a fundamental property of collective behaviour (Vicsek et al. 1995; Couzin et al. 2002) . Our contribution is to identify specific quantitative features of this process that are observable in ecological data, where only a fraction of individuals are observed and the time between observations is much longer than the time-scale of individual behavioural decisions. Without recourse to fine-scale observations of individual behaviour, the approach we describe can, under some conditions, reject the null hypothesis that the data were generated by independent responses to a common environment (such as a chemical gradient), or to physiological stimuli operating independently among individuals (such as physiological responses to photoperiod).
Ultimately, research on the causes and consequences of collective behaviour requires identifying the underlying mechanisms that drive its emergence, maintenance and dynamics. However, discovering the ecology of collective behaviour in nature also requires methods for learning about its prevalence in populations that are not exhaustively sampled at the resolution of individual behaviour. As in the study of ecological competition, or evolutionary adaptation, pattern-oriented 'top-down' approaches to studying collective behaviour can complement 'bottom-up' mechanistic approaches, and the most exciting discoveries often involve a combination of both (Sumpter, Mann & Perna 2012) . To complement high-throughput ethological approaches in laboratory and wild populations, our approach has the power to screen for collective behaviour where fine-scale behavioural data have not yet been collected, with the potential to diversify and enlarge the set of populations where collective behaviour is considered.
The migratory caribou we study display large-scale seasonal variation in the level of order in their velocities that cannot be parsimoniously explained by independent responses to seasonally fluctuating physiological cues or a seasonally and spatially fluctuating environment. Particularly during migration, caribou velocities are significantly influenced by the velocities of nearby individuals, in addition to the physiological/environmentally driven advection field they are each exposed to. Collective behaviour may therefore play an important and dynamic role in animal migration patternsmore so than has been previously shown. Day of year Adjusted order in caribou velocity, 0·0 0·5 1·0
Spring migration Calving
Fall migration Fig. 7 . The dynamics of collective behaviour in migratory caribou. Systematic seasonal variation in the adjusted order of caribou velocities, w (upper time series, in orange) showing elevated levels of collective behaviour concurrent with the timing of migration and immediately following reproduction. The shaded area shows the interquartile range, and the central line the median, of the observed adjusted order across individual caribou observed at a given time of year, based on running quantiles calculated using a 7-day non-overlapping window. The lower time series, in blue, shows the same information for w 0 , which is calculated on time-randomized adjusted velocities, thus breaking correlations among nearby individuals that could have been caused by collective behaviour. High values for w and non-overlapping interquartile ranges of w and w 0 (indicated by the horizontal red lines) are consistent with strong collective behaviour (see also Fig. 3a) .
Fluctuations in the level of order within groups of nearby caribou indicate that the influence of collective behaviour on caribou relocation patterns is dynamic. These fluctuations coincide with reproduction, suggesting that collective behaviour is not just important for relocation patterns but can be a dynamic part of the life history of animal populations. We do not know what ecological processes cause the spike in collective behaviour after calving each yearperhaps it could be related to movement to the summer grounds following calving, where the herd is led to by certain experienced females.
Further applications for our approach include understanding the emergence and stability of seasonal migration patterns in other systems where migration may originate from a mixture of environmental/physiological stimuli and collective behaviour. For example, the migration patterns of herring (Clupea harengus) may depend on ocean currents and food availability (Jorgensen et al. 2005) as well as on juveniles learning the migration routes by following older age classes (Huse 2002) . In humans, daily movement patterns in cities show the influence of the external (built) environment as well as the effect of social processes, such as when a significant fraction of people commute to work in a few specialized areas of the city (Bettencourt et al. 2007; Batty 2008; Dalziel, Pourbohloul & Ellner 2013) . The caribou migrations studied here may therefore represent the tip of the iceberg of the ecological significance of collective behaviour in wild populations. While a 'bottom-up' approach to detecting collective behaviour in these populations is often limited by the availability of fine-scale behavioural data, the signal of collective decision-making is, under some conditions, detectable in coarser scale ecological data.
